Abstract: Environmental effects on walking behavior have received attention in recent years because of the potential for policy interventions to increase population levels of walking. Most epidemiologic studies describe associations of walking behavior with environmental features. These analyses ignore the dynamic processes that shape walking behaviors. A spatial agent-based model (ABM) was developed to simulate people's walking behaviors within a city. Each individual was assigned properties such as age, SES, walking ability, attitude toward walking and a home location. Individuals perform different activities on a regular basis such as traveling for work, for basic needs, and for leisure. Whether an individual walks and the amount she or he walks is a function of distance to different activities and her/his walking ability and attitude toward walking. An individual's attitude toward walking evolves over time as a function of past experiences, walking of others along the walking route, limits on distances walked per day, and attitudes toward walking of the other individuals within her/his social network. The model was calibrated and used to examine the contributions of land use and safety to socioeconomic differences in walking. With further refıne-ment and validation, ABMs may help to better understand the determinants of walking and identify the most promising interventions to increase walking. 
Introduction

E
nvironmental effects on walking have received increasing attention as a strategy to increase population levels of physical activity. [1] [2] [3] Built environment characteristics found to be associated with walking include density of residents, land use mix, features of street design, and aesthetics. 1,4 -15 Greater safety, less violence, and greater social support for walking have also been found to be positively associated with walking. 16 -19 The majority of existing research has applied statistical models to observational data to estimate the associations of environmental characteristics with walking after controls for confounding variables. A limitation of this approach is the inability to completely account for the selection of people into neighborhoods. 20, 21 Another important limitation is that statistical models are unable to fully capture the dynamic set of relationships (including feedback loops and dynamic interactions among individuals, among environments, and between individuals and environments) through which environmental and personal attributes interact to shape walking behavior. Because population levels of walking emerge from the functioning of a system with various interacting components, the identifıcation of the possible effects of a given policy or intervention requires understanding of the functioning of the system as a whole. Agent-based models (ABMs) have received increasing attention as tools to investigate how dynamic processes shape the distribution of health outcomes, including the ways in which physical and social environments contribute to health-related behaviors. 22, 23 An ABM is a computational model that can be used to simulate the actions and interactions of agents as well as the dynamic interactions between agents and their environments in order to gain understanding of the functioning of the system. 24, 25 These models can be used to investigate the impact of policy alternatives in the presence of nonlinear relationships and feedbacks. ABMs have been used to investigate the transmission of infectious diseases, the determinants of drinking and drug use, and the effects of healthy food avail-ability on diet. 22,26 -28 Although ABMs have been used to study pedestrian movement 29 -32 and there have been calls for greater use in the study of environmental effects on walking, 33, 34 applications in public health are still scarce. An exploratory spatial ABM was developed to simulate people's walking behavior within a hypothetic city. The model was calibrated against existing population data. The model was then used to investigate how the spatial patterning of built and social environments (specifıcally land use and safety as illustrative examples) contributes to social inequalities in walking in the context of residential segregation by SES.
Model Development
The model was developed in Java and Repast. It is a time-discrete model with each time step being 1 day. For parsimony, the model includes adults on working days only (no weekends), seasonal variations and weather are ignored, a public transportation network is not included, and each individual is assumed to have a car.
The model represents a city of 64 km 2 , comparable in size to the city of Ann Arbor MI. It is an 800ϫ800 grid space, where each cell of size 10 mϫ10 m can be occupied by a specifıc location (i.e., a place with a social function) or empty. The city includes 200 groceries, 800 non-food shops, 1500 social places, 12000 workplaces, and 60000 households (roughly based on Ann Arbor, www.census. gov/econ/cbp/index.html). The city has 400 equal-sized neighborhoods, each composed of 40ϫ40 cells. Neighborhoods are assigned two environmental properties: safety and aesthetics. The adult population in the city includes 108,000 individuals (48,000 couples and 12,000 single people). Each individual has a number of properties (Table 1) . These properties are assigned at initiation, and for some properties the assignment varies depending on different scenarios.
Each individual is assigned a walking ability A b that is a function of the individual's age and a random component:
where, U(0, 1) is a random value from the uniform distribution ranging between 0 and 1. Walking ability is assumed to not vary between ages 18 and 37 years, but decreases linearly starting at age 38 years. In order to capture an individual's desire to walk, each individual is also assigned an attitude toward walking, defıned as A t ϭ U 3 ͑0,1͒. For A b and A t , U(0,1) powers of 3 or 4 are used to ensure that the distribution of each is skewed, as might be expected in reality. It is assumed that age and ability remain constant within the time frame of the model but attitudes toward walking evolve over time as a function of various feedbacks. The mean attitude for the whole population was assumed to be constant over time.
Walking Behaviors
Individuals can walk for three purposes: (1) to work; (2) for basic needs (such as food shopping, other shopping, and visits to social places); and (3) for leisure. These activities are assumed to happen with a certain probability over a given time interval (e.g., non-food shopping takes place every 4 days on average, resulting in a daily probability of 0.25). In addition, there is a maximum distance that individuals will walk for each type of activity. Person-specifıc maximum distances are calculated as the product of maximum distances and the person-specifıc ability (A b ). Parameters for these probabilities and thresholds (Table 1) were determined by calibrating the model against survey data as described below and in Appendix C (available online at www.ajpm-online.net).
Every day, all working people travel to their workplaces. If the distance between the person's household and the workplace is less than the person-specifıc maximum walking distance for that purpose, then the decision to walk is a random draw with probability equal to attitude A t . All individuals routinely travel to grocery stores, non-food shops, and social places. Each day, the decision to travel to a grocery store or a non-food shop is a random draw with the corresponding daily probability of performing the activity. If there are groceries or non-food shops within the person-specifıc maximum distance around the person's household or workplace (with locations around households being searched before locations around workplaces), then the decision to walk to a randomly selected grocery or shop is a random draw with probability equal to A t . Each day the decision to go to a social place is a random draw, with probability noted in Table 1 . A social place is randomly selected from the whole city. If the distance between the social place and the household or workplace is less than the person-specifıc maximum distance for that purpose, the decision to walk is a random draw with probability equal to A t . Each day, individuals also have the option of a leisure walk around their household. This choice is a random draw with probability equal to the product of the probability shown in Table 1 and attitude A t . If the person decides to go for a walk, she/he will walk to any randomly selected cell with a distance in the range 75%-100% of the person-specifıc maximum walking distance.
See related Commentary by
Maglio and Mabry in this issue.
Feedbacks
Feedbacks are implemented through updates to each person's attitude toward walking, which in turn affects how much she/he will walk in the subsequent day. At the end of each day, individuals update a small proportion (aϭ0.001) of their attitude toward walking based on four feedbacks: (1) walking attitudes of family members and friends; (2) walking experience during that day, which depends on the kinds of environments walked through; (3) the extent to which she/he observed others walking along the walking path that day; and (4) the total amount walked during that day. The feedback from family members and friends assumes that people's attitudes can be influenced by their social network. 35, 36 For example, if individuals P1 and P2 make up a family, each day, their attitudes are updated as follows:
Similarly, for an individual P, the attitude is influenced by the attitudes of her/his friends F as:
A second feedback is based on each person's walking experience, assuming that a pleasant walking experience will encourage people to walk more. For each trip, an index I e is computed based on the levels of safety (S) and aesthetic quality (E) of all the cells along the route as:
S and E are the lowest safety level and averaged aesthetic values of all cells along the walking route, respectively. A random component U (a uniform distribution from -0.5 to 0.5) is added to both S and E to account for individual's subjectivity and perceptions. These values Family size Family size can be 1 (with probability of 20%) or 2 (with probability of 80%)
Friends Each individual has 3 to 5 friends who can influence her/his walking attitude, randomly selected from the people with the same or similar SES value (difference no more than 2)
Dog ownership
Each individual has a 20% probability of having a dog (dog owners have a higher probably of walking within the neighborhood)
Household Each person is randomly assigned to a household (except in scenarios involving residential segregation by SES)
Work and workplace
If aged Յ69 years, the probability of working is 95%; people aged Ͼ69 years are assumed to not work. Working people are randomly assigned a workplace in the city. This can be a grocery store, a non-food shop, a social place, or another workplace in the city
Walking ability (A b )
Value ranges from 0 to 1, the higher the value, the longer distance an individual can walk
Attitude toward walking (A t )
Value ranges from 0 to 1, the higher the value, the higher probability an individual will walk CALIBRATED MODEL PARAMETERS Activity Daily probability of performing the activity Maximum walking distance for the activity (miles) are scaled by dividing by the mean values of both dimensions (S and E ) across the whole city. The third feedback is from the density of other walkers along the walking route compared to the previous day. It is assumed that normative walking behaviors are influenced by relative shifts in observed behaviors; therefore, this feedback is a function of the ratio of current walking density to previous walking density I d . A value Ͼ1 results in a positive feedback to attitude and a value Ͻ1 results in a negative feedback.
The fourth feedback comes from the total amount walked by the person during that day. If an individual walked more than her/his maximum walking distance per day (defıned as the maximum total walking distance per day D a times her/his walking ability A b ), her/his walking attitude will decrease. This feedback represents the negative feedback that may result from being tired after a long walk. If the distance walked during the day is d, then the index I t is computed as follows:
At the end of each day, these feedbacks update the attitude toward walking as follows:
Scenarios
In order to investigate the contributions of built and social environments to SES differences in walking, four scenarios were compared. All four have identical levels of residential segregation by SES, such that lower-SES households are located in the center of the city and higher-SES households are located in the periphery. The density of households was even over the city. The four scenarios (Appendix A, available online at www. ajpm-online.net) varied on two dimensions: (1) spatial distribution of non-household locations and (2) spatial distribution of safety. The combination of the two dimensions generated four scenarios: RR: randomly distributed non-household locations and random safety level; RS: randomly distributed non-household location and lower safety level in the core; CR: more non-household locations in the core and random safety level; and CS: more non-household locations and lower safety level in the core. For each scenario, the summaries are based on averages across ten simulations. Each scenario was run for 10,000 time steps since graphical inspection showed that key model outputs (walking levels by SES) became relatively stable after 6000 -8000 time steps. Quantitative estimates also showed that between 6000 and 10,000 time steps, the difference between the maximum and minimum values was Յ2.6% of the maximum value, also indicating relative stability. The Brooks-Rubin-Gelman diagnostic was compatible with convergence of key model outputs. 37 
Calibration
The parameters in Table 1 were calibrated through an iterative process by which model output for scenario RR (with random distribution of non-household locations and safety) was compared to selected data from the 2001 National Household Travel Survey (NHTS, nhts.ornl. 4 Americans make slightly more than four travel trips per day, of which 8.6% are walking trips. 39 Average trips per day and mean distance values were used in the calibration. Median distances were not calibrated and are shown for reference only. NHTS, National Household Travel Survey gov/). 38 The NHTS characteristics used in the calibration are those shown in Table 2 . The summaries used for calibration were based on the values of day 10,000 averaged across 10 simulations. Calibration was performed through an iterative process by which simulation results based on starting values for the parameter estimates were compared to NHTS characteristics, parameters adjusted to minimize any differences, simulations run again, and so on until simulated results matched the Table 2 NHTS data (Appendixes A-C, available online at www. ajpm-online.net, for more details). Table 2 shows similarities between NHTS data and model predictions for the specifıc distributional characteristics used in the calibration. As expected from the calibration and the assumption in the model, for both NHTS data and the calibrated model, 35%-40% of people do not walk, most people (Ͼ60%) walk no more than three times a week, and only 10%-20% walk more than seven times a week. The distribution of the distances of walking trips is highly skewed for both NHTS and model predictions: Ͼ50% of walking trips are less than one third of a mile and only about 11%-15% of walking trips are more than 1 mile. Although age-specifıc data were not used in the calibration, the model also generated age gradients in walking frequency and distance approximately similar to those reported for NHTS. 39 Model predictions also approximately matched other survey data in terms of average trips per day and mean and median distances per trip. 40 Figure 1 shows walking trips per day by SES for each of the four scenarios. In scenario RR (random distribution of land use and safety), the difference in walking trips among SES groups was small (about 0.04 trips per day at the most), but higher-SES groups tended to walk slightly less than lower-SES groups. These small differences existed because higher-SES groups were on the periphery of the grid so they had a smaller area within which to fınd suitable locations for walking. For scenario CR (central location of nonresidential land use, random distribution of safety), there was a clear SESgradientinwalking trips such that lower-SES groups walked more than higher-SES groups (mean trips per day 0.31 for SES 1 and 0.22 for SES 5). This was because, in scenario CR, lower-SES groups lived within the zone with higher density of non-household locations; thus, it was mucheasierforthemto fınd locations within their walking distance. In RR and CR, levels of walking did not change over time because key drivers of feedback (safety and aesthetic quality along the walking route) were constant and not differentially distributed by SES. The opposite pattern emerged in scenarios involving spatial patterning of safety. In scenario RS (random mix of land uses and spatial segregation of safety such that safety levels increase outwards) walking trips decreased over time in the lower-SES groups but increased over time in the higher-SES groups. However, in scenario CS, which combined spatial patterning of safety and land use such that the central areas (with lower SES) had greater mix of uses and lower safety level, the benefıcial effects of proximity of destinations on walking in the lower-SES groups (as shown in scenario CR) was reduced over time because of the adverse effects of lack of safety. In the stable state, small differences in walking by SES remained in the CS scenario such that the lowest-SES groups walked slightly more than the highest-SES groups. Results from this scenario (which is likely the most realistic for many U.S. cities) were consistent with NHTS data 39 (although SES gradients in NHTS data were not used in the calibration) showing only slightly more walking in the lower-than in the higher-income groups. Additional fıgures showing the spatial distribution of walking for different scenarios over time are available in Appendix B (available online at www.ajpm-online. net). Figure 2 shows walking for different purposes by SES in scenario CS. Lower-SES groups walked more than the higher-SES groups for work (because of their proximity to work destinations) and less than the higher-SES groups within the neighborhood (because of the impact of safety). For basic needs trips, walking levels were similar across SES groups because of the counteracting effects of proximity to destinations and safety. These results were consistent with existing data showing that lower-income urban populations exhibit higher levels of walking for transportation and lower levels of walking for leisure, whereas higher-income urban populations have inverse patterns.
Model Assessment and Results
39,41
Discussion
By incorporating feedback mechanisms that allowed individuals to alter their walking behaviors in response to their social networks, their own previous experiences, and the prevalence of walking they encountered, this relatively simple model was able to generate patterns of walking behaviors that have been observed in empirical studies. The model allowed for feedbacks over time from both built and social environment features. In addition, walking for one purpose had effects on walking for other purposes (i.e., the model allows experiences in one realm of walking [e.g., walking to work] to influence other realms of walking [e.g., walking in the neighborhood]).
The scenario analyses illustrate the utility of these models in understanding the processes driving differences in walking by SES. For example, results show that the co-spatial segregation of SES and safety, such that low-SES neighborhoods have a low safety level, results in less walking among the lower-SES groups even when SES is not spatially correlated with land-use mix (scenario RS). These differentials can become magnifıed over time because of feedback. The simulations also suggest that when lower-SES individuals live in areas with greater proximity to destinations, they tend to walk more than high-SES individuals (scenario CR), but this advantage can be neutralized when low-SES areas are also low in safety (scenario CS). Moreover, this simple interplay be- tween land use and safety can create very different SES patterns for different types of walking. For example, in scenario CS, walking to work was higher in the lower-SES group, walking for leisure was higher in the higher-SES group, and walking for basic needs was not strongly patterned by SES.
Although the associations of greater mixed land use and more safety with more walking are a direct function of the model rules, the SES patterning of walking or the way in which this patterning changes over time as a function of the spatial co-location of SES, land use, and safety, as well as the differential SES patterning of different types of walking, was not directly encoded in the model. The model contains no assumptions regarding SES differences in walking ability or attitudes at inception and was not calibrated to reflect any SES gradients. The model shows how these SES differences can emerge even in the context of similar starting walking preferences by SES and even in the absence of selection of people into neighborhoods based on walking preferences. The dynamics of these processes are very diffıcult to visualize or understand with statistical models alone, hence the utility of ABMs.
The model has substantial room for refınement. For example, gender differences were not modeled and aesthetic quality was assumed constant over space in all scenarios. The feedbacks are based on reasonable guesses and their relative magnitudes need refınement and validation (e.g., the parameters associated with safety and aesthetics are arbitrary). The social networks are simplistic and the broader roles of social norms (e.g., through media influences) are not considered. Long-term positive feedbacks from habit formation were not considered. The model also does not yet incorporate feedbacks from walking to environmental features (i.e., endogeneity of environmental features). For example, just as mixed land use may promote walking, greater walking is likely to promote greater mixes of uses, as businesses locate in areas with heavy foot traffıc. In addition, cities may invest more in the aesthetics and safety of neighborhoods where people walk more.
The model was developed to be as simple as possible in order to begin to understand model properties before adding more complicated processes, but some simplifıcations may be problematic. One assumption in the model is that all trips always begin and end at the household or workplace, but individuals may combine trips. 42 Residents with low levels of access to destinations combine more trips, clusters of destinations serve as "activity centers" that attract people for multiple reasons, 7, 43, 44 and people may be more likely to walk to an "activity center" where several errands can be accomplished along the same trip. 45 Different transportation modes may also affect each other in complex ways. For example, those who regularly walk long distances to work may not be inclined to walk in their neighborhood. Conversely, it is plausible that traveling by car to work or shopping may leave more free time to walk in the neighborhood. Calibration is a challenging process in ABMs in terms of the data to be used in the calibration and the process to be followed. 46 A preliminary calibration was performed by adjusting selected parameter values (for which no empirical data were available) so that summaries of model output were consistent with selected empirical data from NHTS. Discrepancies between model outputs and empirical data (e.g., median distance in Table 2 ) may imply the need for further calibration or modifıcation of model assumptions. Also, replication of selected existing patterns does not necessarily imply that underlying processes are correctly specifıed. A valid model requires that data inputs be based on existing data whenever possible, but in developing this simple model, it became quickly apparent that there is a dearth of data on which to base model inputs. For example, evidence 47 suggests that dog owners walk more than non-owners, but the magnitude of the difference is not clear. Growing interest in developing these types of models may serve as an impetus to the collection of this type of data.
By being explicit about the ways in which features of the social and physical environment affect attitudes toward walking and the actual probability of walking and distance walked, ABMs can formalize the understanding of environmental effects on walking. Once a reasonably realistic model is developed and is functionally understood, it can be used to evaluate the impact of policies and interventions. For example, after further refınement, scenario CS could be used to evaluate the impact of promoting mixed land use and increasing safety on population levels of walking or on SES difference in walking. Importantly, conclusions about the impact of these interventions would be drawn taking into consideration dynamic relations and feedbacks, rather than based on the extrapolation of the simplifıed relationship between these attributes and walking in regression models. Together with other methods, ABMs may help to better understand the determinants of walking and identify the most promising interventions to increase walking and physical activity.
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